This study reported a quantitative method to discriminate six tea categories of 664 tea samples. The main components of tea including gallic acid (GA), caffeine, theanine, (−)-epigallocatechin gallate (EGCG), (−)-epigallocatechin (EGC), (−)-epicatechin gallate (ECG), (−)-epicatechin (EC), and (+)-catechin (C) were determined using high-performance liquid chromatography in accordance with the ISO detection standards. Genetic algorithm and stepwise discriminant method were used for factors selection based on nine indicators (GA, EGC, C, EC, EGCG, ECG, total catechins (TC), caffeine, and theanine). The results of factors selection were first optimized by combining improved indicators; subsequently, Bayesian discriminant and distance discriminant analyses were applied to discriminate tea categories. The results indicated that GA, EGC, caffeine, EGCG, EC, TC, theanine, EGC^1.25, and caffeine^2 combined with Bayesian discriminant analysis provide a feasible method of classifying six tea categories. The total identification rates were 94.13% in the training set and 92.31% in the prediction set. In addition, a satisfactory result was obtained for the discrimination of each tea category.
Introduction
Tea is one of the most widely consumed non-alcoholic beverages worldwide. [1] Tea is popular because of its specific taste and health benefits. The catechins and caffeine in tea have diverse biological and pharmacological effects, such as antiobesity, [2] anti-inflammatory, [3] and antiageing [4] effects. However, different categories of tea have different health benefits, and accurate tea category identification is essential. Traditionally, teas are classified into the following six categories based on their respective processing techniques: green tea (enzyme inactivation), black tea (fermentation), white tea (withering), oolong tea (fine manipulation), yellow tea (heaping for yellowing), and dark tea (pile). However, the identification of a tea may be ambiguous because of the development of new techniques. The traditional way for identifying tea categories depends primarily on sensory evaluation, teas are classified based on colour, aroma, appearance, and taste by trained tea specialists. This is a subjective approach because the results are easily influenced by the environment or taster's experiences. Nonsensory classification may be possible through the use of various instrumental techniques. Many studies have been conducted on the discrimination of tea types; for example, spectroscopy and chromatography have been applied extensively for tea classification in recent years. In one study, Fourier transform infrared spectra and pattern recognition were combined with modern chemometrics to classify and provide a reasonable clustering of typical Chinese tea varieties. [5] Elsewhere, black teas from several plantation estates in Sri Lanka were all well discriminated through fluorescence spectroscopy and linear discriminant analysis. [6] Electronic nose technique has been used to classify tea aroma and evaluate tea quality, [7] [8] [9] and to categorize tea varieties. [10] The aforementioned studies have shown that electronic nose technique is highly efficient at classifying tea varieties and grades. Other advanced techniques that have facilitated great progress in tea classification include gas chromatography mass spectrometry, [11] high-performance liquid chromatography (HPLC), [12] nearinfrared spectroscopy, [13] inductively coupled plasma atomic emission spectrometry, [14] and inductively coupled plasma mass spectrometry. [15] However, these methods may require the sophisticated pre-treatment of samples or be timeconsuming, and consumers' acceptability of tea mostly depends on its taste and aroma (both of which are influenced by the manufacturing process and the tea variety). The chemical composition of tea is also closely related to the identification of tea varieties. The present study established a reliable and highly accurate method for the classification and identification of various teas based on chemical constituents. Two stages were conducted, namely featured factors selection and discriminant analysis. The selection of variables is critical and has a direct impact on the results of discriminant analysis. If a low number of variables are selected, crucial variables might be missed, and the discriminant analysis result would be poor. By contrast, an excessively high number of variables hinders the analysis. Furthermore, the correlation between variables affects the accuracy of discrimination. Obtaining the ideal low-dimensional data through common dimension reduction methods (such as principal component analysis and factor analysis) is difficult. Following trial and error testing, genetic algorithm and stepwise discriminant method were determined to be suitable for factors selection in the present study. The selected factors were optimized by adding ECG^1.25 and caffeine^2; subsequently, distance discriminant and Bayesian discriminant analyses were conducted to simultaneous identify six tea categories. By comparing different combinations of different factors selection methods and discriminant analysis methods, an optimal combination was proposed to quantitatively identify six tea categories. The main technique route is displayed in Figure 1 .
Materials and methods

Materials
A total of 664 tea samples of different geographical origins were collected. The sample consisted of teas processed using different techniques and with different chemical quantities. All of the samples were divided into two parts at a ratio of 2:1, with a training set containing 443 tea samples (used to build the discriminant model) and a prediction set containing the remaining 221 samples (used to test the model). Both sets are detailed in Table 1 . A total of 519 samples were collected from 17 provinces in China, and 145 samples were obtained from reliable sources in other 13 countries. Tea samples were ground into powder and then strained using 600-μm sieve for HPLC analysis. 
Chemical analysis and methods
Chemicals and reagents
The following standards of analytes were purchased from Sigma (Sigma Chemical Co., Fairfield, OH, USA): caffeine, gallic acid (GA; puriss ≥ 99%), (+)-catechin (C; puriss ≥ 99%), (−)-epicatechin (EC; puriss ≥ 99%), (−)-epicatechin gallate (ECG; puriss ≥ 99%), (−)-epigallocatechin gallate (EGCG; puriss ≥ 99%), and (−)-epigallocatechin (EGC; puriss ≥ 99%). HPLC-grade acetonitrile, methyl alcohol, and acetic acid for HPLC were obtained from Tedia (Tedia Co., Fairfield, OH, USA). The caffeine and catechins were used as received. Theanine (100%) was purchased from Sigma. All the chemicals and solvents used for tea samples extraction were of analytical reagents grade quality.
Samples preparation
The determination of catechins and caffeine was followed by ISO 14502-2 (2005). Briefly, 0.2 g of tea powder was placed into a 10-mL centrifuge tube with 5-mL 70% methanol. The mixture was incubated at 70°C for 10 min with intermittent shaking (every 5 min). After cooling, the sample was centrifuged at 3500 rpm for 10 min at room temperature. Subsequently, the supernatant was transferred into a 10-mL volumetric flask. The sediment was extracted repeatedly and combined with the supernatant before being metered up to 10 mL with 70% methanol. The test solution for catechin and caffeine analysis was then prepared by diluting 2 mL of tea extract into a new 10-mL volumetric flask and metered up to 10 mL with 70% methanol.
For the theanine quantification, 1 g of finely ground sample was extracted in a 200-mL baker with 100-mL boiling deionized water. The samples were brewed for 5 min on a magnetic stirrer at 500 rpm. After cooling, the sample extract was centrifuged at 13,000 rpm for 10 min and filtered using a 0.22-μm Millipore membrane. This method was conducted according to the ISO/WD 19563 (2017).
Catechins and caffeine analyses A Waters (Milford, MA, USA) HPLC, equipped with an ultraviolet-visible detector, column temperature box, quaternary solvent manager, and the Empower software for the acquisition, processing, reporting, and management of chromatographic information was used in this study. The analytical column was a Phenomen Gemini-NX C18 column (250 × 4.6 mm, 5 μm). The catechins and caffeine were monitored at 278 nm with a column temperature of 35°C. The two mobile phases (A & B) employed for gradient HPLC elution were composed of (A) 9% (v/v) acetonitrile containing 2% (v/v) acetic acid and 0.2% EDTA and (B) 80% (v/v) acetonitrile containing 2% (v/v) acetic acid and 0.2% EDTA, and they were used at a flow rate of 1.0 mL/min. The gradient elution profile initially had 100% A, which was maintained for 10 min, after which B was gradually increased to 32% at 25 min, where it was maintained for 10 min. Subsequently, B was increased to 55% after a further 5 min and was maintained for 5 min, after which 100% A was restored within a further 5 min. The column was then re-equilibrated to its initial condition for 10 min before the next injection. The injection volume was 10 μL of each calibration solution and sample. A standard calibration plot for each catechin and caffeine was constructed by plotting concentration (x-axis) versus peak area at the same retention time. Quantification was also conducted from the integrated peak areas of the tea samples and the corresponding standard graph, and the content of total catechins was calculated using the following equation:
%total catechins ¼ ð%EGCÞ þ ð%CÞ þ ð%ECÞ þ ð%EGCGÞ þ ð%ECGÞ:
Theanine analysis: An identical system was used for theanine analysis. The analytical column was a Synergi Hydro-RP C18 column (4 μm, 80Å, 250 × 4.6 mm) from Phenomenex. The column temperature was maintained at 28°C with a detection wavelength of 210 nm. The mobile phase was eluted at a flow rate of 1.0 mL/min and consisted of two solvents, solvent A (water) and B (acetonitrile). The gradient elution was performed as follows: 100% A from 0 to 10 min, after which A was reduced by 80% in 2 min and maintained for 8 min. Subsequently, the mobile phase returned to its initial condition within 2 min and was maintained for 8 min for stabilization.
Model establishment
Two objectives for tea classification modelling were explored. One was to select featured factors, and the other was to compare and select suitable discriminant analysis methods. Two classical approaches (genetic algorithm and stepwise discriminant method) were used for factors selection in order to obtain the most significant variables for discriminant analysis. The original chemical descriptors were composed of nine variables, namely GA, EGC, C, EC, EGCG, ECG, TC, caffeine, and theanine. Distance discriminant analysis and Bayesian discriminant analysis were then used to establish the models for tea identification and prediction. All methods of features selection and discriminant analysis were performed using Matlab 2014a (Mathworks Inc.). One-way ANOVA was performed using SPSS (version 21.0 for Windows) for identifying statistical separation among the means of six categories of tea samples.
Genetic algorithm and stepwise discriminant method
The genetic algorithm operated on a specific problem by encoding its solution into a simple chromosome-like data structure and applying recombination operators to optimize the outcomes in an iterative manner, [16] thereby serving as a stochastic searching method that simulates the process of biological natural selection and genetic mechanisms. [17, 18] In the genetic algorithm, there were 100 individuals in each generation and each set of solution with greatest fitness was more likely to be transmitted to the next generation until fit some convergence. The basic concept of stepwise discriminant method for variables selection is to introduce or eliminate the factors of the discriminant equation step by step based on their importance. In other words, a variable is introduced when it is critical. After the introduction of a new variable, those variables previously introduced become be less critical are discarded. The process is repeated until no variables of great importance are required and all nonsignificant variables have been eliminated. The importance of variables is judged based on constructed statistics. First, supposing that the mean of each population is equal, F statistics are performed according to the variables within the group, and the total covariance matrix and whether the statistics fall into the rejection region is calculated. If the original hypothesis is rejected, the variable is considered to substantially contribute to distinguishing the population, and it should be introduced to the discriminant equation; otherwise, the variable should be deleted.
Distance discriminant analysis and Bayesian discriminant analysis
Distance discriminant analysis is a statistical method for discriminating between categories based on the observed characteristic of a certain number of samples and discriminant criterion, according to their distance from the categories. [19] In this study, 443 training samples of six tea categories were constructed for discriminant criteria and estimated the unknown parameters (such as μ and Σ); the distance between sample X and population G was evaluated using the Mahalanobis distance which is expressed as Eq. (1):
where G is the population of samples with m number variables, μ is the mean vector of variables, and Σ is covariance matrix. A total of 221 prediction samples of six tea categories were used for discriminating which population belonging to according to the discriminant criterion constructed by training samples. Samples belonging to the nearest category are expressed as Eq. (2):
where k is the number of populations. This method is easy to understand and can offer an intuitive result; however, distance discriminant method has no relationship with the prior probability of each population and does not consider losses caused by wrong judgements. Bayesian discriminant analysis is one method that can be used to obtain posterior probability from priori probability based on new information. [20] The basic concept of Bayesian discriminant analysis is to determine the distribution density functions of various types of what is being analysed before proceeding. The priori probability is used to describe awareness of the research objects before extracting samples and then the posteriori probability is obtained to modify the prior probability based on the extracted samples. [21, 22] In the present study, a variety of statistical inferences were highlighted by the posteriori probability. A total of 443 samples in the training set were used to construct Bayesian discriminant criterion and discriminant functions of six tea categories. The quadratic discriminant functions are expressed as Eq. (3): where q j is priori probability, S j is the covariance matrix, and d 2 j is Mahalanobis distance between sample X and population j, and the posteriori probability, following Eq. (4):
where Z j ðXÞ is calculated form Eq.(3).
Result and discussion
In this study, the compounds contents of 664 tea samples from six categories were quantified using HPLC. Table 2 presents the content of five main catechins (EGCG, EC, ECG, EGC, and C), as well as that of GA, total catechins, caffeine, and theanine for each tea category. The content of each tea category was used to identify tea types by nine original chemical descriptors for factors selection. It is remarkable that several compounds had significant differences (p < 0.05) between the categories. A heat map was applied to visualize the composition contents in different tea categories (Figure 2 ), wherein the red parts indicate an abundance of chemical composition, blue parts indicate a low level of chemical composition, and the green or yellow parts indicate a middle level of chemical composition. As Figure 2 shows, EGCG and EGC were the most abundant components in green tea, which may be correlated with the process of enzyme inactivation that inhibits oxidation and degradation of catechins were inhibited. [23] Conversely, white tea processed the highest abundance of caffeine and theanine of all the tea categories. The increase of caffeine occurs through withering, Notes: Values are expressed as means ± SDs, analysed by one-way ANAVA with the Dunnett T3 test, followed by the same letter, within a row, and are not significantly different (p > 0.05). GT, BT, WT, OT, YT, and DT represent green tea, black tea, white tea, oolong tea, yellow tea, and dark tea, respectively. GA and TC represent gallic acid and total catechins. which may be connected to the changes in the state of caffeine; specially, caffeine shifts from a combined to a free state during withering. The catechin content in black tea and dark tea was rather low overall because of the influence of full fermentation and postfermentation; indeed, theanine in some dark teas were even undetectable. For black tea, fermentation starts with withering, and cells are damaged and thus can facilitate the oxidation polymerization of tea polyphenols and relative chemical reaction. Meanwhile, piling is a key technique for dark tea that can influence the activity of microbes and enzymes. The chemical content of tea is also influenced by changes in the hot and humid environments, which trigger the non-enzymatic auto-oxidation of polyphenols. Nevertheless, all the chemical compounds determined were present in oolong tea and yellow tea at a medium level.
Factors selection and optimization
The ultimate purpose of this research was to identify and predict tea samples from six categories using chemical components and pattern recognition. The factors selected by different methods were used to conduct distance discriminant and Bayes discriminant analyses. Some of the total identification results were satisfactory; however, the identification rates of other categories were poor. After trying different discriminant analysis methods based on different factors, the identification rates of white tea and yellow tea are still poor, thus some improved factors were used to optimize the analysis. The EGC content of yellow tea is obviously different from other tea categories, and the caffeine content of white tea is significantly different from other tea categories from Table 2 . Therefore, EGC and caffeine were used for optimizing the analysis to identify each tea category.
To accurately identify each tea type, ECG^1.25 and caffeine^2 were selected to optimize the results of factors selection and improve the discriminant rate. The factors selected by genetic algorithm and stepwise discriminant method were both performed on nine initial chemical indicators. The results of factors selection and optimization are listed in Table 3 .
Selection of discriminant analysis methods
The discriminant analysis in this study was conducted to investigate whether accurate classification results could be obtained by using a significant subset of selected chemical parameters, instead of all variables.
Classification of six tea categories by distance discriminant analysis
Distance discriminant analysis based on original variables, the factors selected by genetic algorithm and stepwise discriminant method all achieved successful discrimination. In addition, the factors selected by genetic algorithm had superiority in the overall identification rate and those selected by stepwise discriminant method provided a satisfactory result based on distance discriminant analysis when combined with the improved factors. However, the accuracy of some tea categories, such as yellow tea and dark tea, was poor. Therefore, Bayesian discriminant analysis was conducted to further classify the six tea categories.
Classification of six tea categories by Bayesian discriminant analysis
The results of Bayesian discriminant analysis with different factors in the training set and prediction sets are shown in Table 4 . The results demonstrate that variables selected through stepwise discriminant method combined with the pattern recognition of Bayesian discriminant analysis can obtain a high rate of identification. However, the variables selected through stepwise discriminant method have a poor rates regarding white tea. Nevertheless, considering the identification rate of each tea category in the training and prediction sets, the factors optimized after stepwise discriminant method combined with Bayesian discriminant analysis provided a reliable tea classification method.
Conclusion
Chemical compositions in combination with the chemometric methods of stepwise discriminant method and Bayesian discriminant analysis were successfully applied to discriminate tea categories. The main chemical compositions of various teas were determined by HPLC and were used as the initial factors. Subsequently, all of the factors selected by different methods were utilized to conduct Bayesian and distance discriminant analyses. Overall, the results sufficiently demonstrate that the factors selected by stepwise discriminant method and two improved features (GA, EGC, caffeine, EGCG, EC, TC, theanine, EGC^1.25, caffeine^2), combined with Bayesian discriminant analysis, are highly effective for identifying and predicting tea categories. Indeed, the identification rates of green tea, black tea, white tea, oolong tea, yellow tea, and dark tea were 92.31%, 93.68%, 89.66%, 87.50%, 85.71%, and 100% in the prediction set, and the accuracy was 94.13% in the training set.
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